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[Abstract]

This paper presents a smartphone-based system that automatically recognizes study behaviors by analyzing the hand shape and
upper-body posture. The system extracted hand, pose, and face landmarks using MediaPipe and developed two MLP classifiers:
a pen-in-hand detector and posture classifier distinguishing six study-related postures. We compared multiple feature configurations
—including absolute and relative coordinates, joint angles, and facial landmarks—and evaluated changes in the network depth.
Experiments showed that the hand model combining relative coordinates and joint angles achieved 93.7% accuracy, and the
optimized posture model integrating upper-body pose and FaceMesh features achieved 84% accuracy. A rule-based fusion of the
two models classified four study behavior states—focus, reduced focus, sleep, and stop studying—with 86.2% accuracy. The
system was deployed in a mobile application supporting real-time logging, visualization, and feedback, demonstrating that an

accurate study behavior monitoring was feasible using only a smartphone camera.
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Table 1. Pen-in-hand classification model structure
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Layer Units Y- Layer operations
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Fig. 2. Precision-recall curve of the pen-in hand classification
model
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Fig. 3. Example results of pen-in hand classification using
hand model 3: (a) Pen, (b) No pen
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Table 2. Confusion matrix of the pen-in hand classification

using hand model 3
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Table 3. LOSO cross-validation results using hand model 3
Fold1 | Fold2 | Fold3 | Fold 4 | Fold 5
Accuracy (%) 82.3 80.7 81.8 82.8 80.4
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Table 4. 6 study postures according to study states
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Table 5. Study posture classification model structure

' Activation :

Layer Units ry——— Layer operations
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Hidden 2 128 RelLU Dropout(0.3)
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Fig. 4. Precision-recall curve of the study posture
classification model
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Table 7. Integrated study behavior state classification
algorithm(pseudocode)

Input: hand_state € {PEN, NO_PEN}
posture_state € {GOOD, LEAN_BACK, LEAN_FORWARD,
LEAN_SIDE, SLEEP_BACK, SLEEP_DOWN}
if posture_state € {SLEEP_BACK, SLEEP_DOWN} then
behavior < SLEEP
else if hand_state = NO_PEN then
behavior < STOP_STUDYING
else
if posture_state = GOOD then
behavior < FOCUS
else
behavior < REDUCED_FOCUS
end if
end if
return behavior

Predicted

good | lean lean lean | head | head

pose | back |forward | side | back | down
good pose | 130 0 0 5 0 0
lean back 0 114 0 20 0 2
Z | lean forward | 0 0 101 2 0 0
E lean side 13 9 29 67 0 0
head back 0 0 0 5 80 6
head down 0 0 3 11 58
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Fig. 6. Flowchart of the integrated study behavior
classification process
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Table 8. Classification accuracy of the integrated study
behavior state classification model

Study behavior precision recall f1-score

Focus 0.63 0.83 0.72

Reduced Focus 0.85 0.89 0.87

Sleep 0.99 0.94 0.96

Stop Studying 0.89 0.78 0.83
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Fig. 7. Precision-recall curves of the 4 study behavior states
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Table 9. Confusion matrix of the integrated study behavior
classification model

Predicted
Focus | "Eocie’ | S0 | guing
Focus 50 3 0 7
Z | Reduced Focus 11 203 1 12
g Sleep 0 6 135 2
Stop Studying 18 28 1 168
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Table 10. Comparison with related vision-based student behavior/posture recognition studies
Study (Year) Model / Architecture Target Behavior Level Key Characteristics Performance
[7] (2021) Improved HRNet Fine—grained posture CNN, full-body pose, classroom CCTV mAP 73.76%
[8] (2025) EPLC-Pose Upper—body posture Lightweight CNN, edge—oriented Higher than baselines
[9] (2024) | AdaptSepCX(Attention-based) | Student actions (online) Attention model, online learning Improved over CNN
Proposed MediaPipe + 2 MLPs — ) Mobile real-time, landmark—based, o
Method + rule—based fusion High-level study behavior no extra device Accuracy 86.2%

& HEajrEo] &9 2o Jdids FHIg vlolEH|

A=A = = = Tl
122 AWS RDS(MySQL) & AFE-31H, Redis= 15 2 Al
A 7N Aol gk
oA

-2 kA SHE AH =
4285 WS LH AS VIR 7S

id end_time start_time state study_record_id
2782 2025-10-31 15:50:11.000000 2025-10-31 15:49:41.000000 STUDYING 304

2783 2025-10-31 15:50:32.000000  2025-10-31 15:50:20.000000 STUDYING 304

2784 2025-10-31 15:49:57.000000  2025-10-31 15:49:51.000000 GOOD_POSE 304

2785 2025-10-31 15:50:11.000000 2025-10-31 15:50:00.000000 GOOD_POSE 304

2786 2025-10-31 15:50:25.000000 2025-10-31 15:50:20.000000 GOOD_POSE 304

2787 2025-10-31 15:50:32.000000 2025-10-31 15:50:29.000000 GOOD_POSE 304

2788 2025-10-31 15:49:51.000000 2025-10-31 15:49:41.000000 NFOCUS_POSE 304

2789  2025-10-31 15:50:00.000000 2025-10-31 15:49:57.000000 NFOCUS_POSE 304

2790 2025-10-31 15:50:29.000000 2025-10-31 15:50:25.000000 NFOCUS_POSE 304

2791 2025-10-31 15:50:47.000000 2025-10-31 15:50:41.000000 SLEEP_POSE 304

2792 2025-10-31 15:50:41.000000 2025-10-31 15:50:34.000000 AWAY 304

2793  2025-10-31 15:49:41.000000 2025-10-31 15:49:38.000000 ETC 304

2794 2025-10-31 15:50:20.000000 2025-10-31 15:50:11.000000 ETC 304

2795 2025-10-31 15:50:34.000000 2025-10-31 15:50:32.000000 ETC 304

gt

J8 9. =5 S el 214l 2 H0[F oAl
Fig. 9. Example of logged study behavior states during a

study session
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“These figures are screen captures of the developed application, and
this application is made for Korean users.
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Fig. 10. App screenshots of analysis results: (a) Summary of
analysis results, (b) visualization of the study timeline
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Table 11. User satisfaction survey(5-point Likert scale)

Survey items Mean

Usefulness for supporting real study activities

Satisfaction with pen—in—hand-based time measurement | 4.96

Satisfaction with posture—based concentration estimation | 4.87

Satisfaction with statistics and feedback features 4.88

Willingness to continue using the application 4.96
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